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Abstract
Flow through piping components are more complex than that of straight pipe and the hydrodynamic parameters are important for
design it. Artificial Neural Network (ANN) modeling is useful for the prediction when the solution from first principle equations
is not tractable. Experimental data on air-water flow through U-bends are collected from our earlier published paper [29] and 
ANN modeling is used for the prediction of frictional pressure drop across the U-bends using three different algorithms of 
Multilayer Perceptrons (MLPs), i.e., Backpropagation, Levenberg-Marquardt and Scaled Conjugate gradient having a single
hidden layer.
© 2013 The Authors. Published by Elsevier Ltd.
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1. Introduction
Two-phase gas-liquid flow occurs in many engineering applications, such as in equipment related to the oil,
chemical, process and power generation industries. The hydrodynamics of co-current gas-liquid flows have received 
extensive treatment during last few decades. But only few studies are reported in literature for gas-liquid flow 
through piping components. The problem of predicting hydrodynamic parameters in piping components is much
more uncertain than that for straight pipes because the mechanism of the flow is not clearly defined. At least three
* Corresponding author. Tel.: +91-33-2350-1397 Ext. 247 (O); fax: +91-33-2351-9755.
E-mail address: drskdaspapers@hotmail.com
Available online at www.sciencedirect.com
 2013 The uthors. Published by Elsevier Ltd.
Selection and peer-review under responsibility of the University of Kalyani, Department of Computer Science & Engineering
Open access under CC BY-NC-ND license.
Open access under CC BY-NC-ND license.
814   Nirjhar Bar et al. /  Procedia Technology  10 ( 2013 )  813 – 821 
types of losses are superposed – skin friction, loss due to change of flow direction and also the change of dimension 
of flow path [1]. The gas-liquid flow through curved geometries and bends are complex in nature as centrifugal 
forces play an important roles and this phenomenon had been reviewed in the past [2]. Several studies were 
conducted in order to quantify the two-phase pressure drop in bends [2–15]. The frictional pressure drop across the 
bend is due to the resistance to flow for each phase and the walls of the tube and also the interaction between the 
phases. During the two-phase gas-liquid flow in bends the flow separation takes place due to the centrifugal force 
and hence the quantitative estimation of all interactions is difficult [16-17]. Researchers reported that the two-phase 
gas-liquid frictional pressure drop across the bend is higher than that of the single phase flow and it is correlated by 
using Lockhart-Martinelli correlation [18] or modified Lockhart-Martinelli correlation [6] or developed empirical 
correlation [8, 13,19]. It can be concluded that the literature lacks descriptions of understanding the pressure 
characteristics in bends [2, 20].  
In recent years, the concept of artificial neural network (ANN) has gained widespread application in many 
engineering problems [21, 22]. ANN models can learn from examples, incorporate large number of variables, and 
provide an adequate and quick response to the new information. The advantages and the disadvantages of Neural 
Networks are discussed in our earlier publication [23, 24]. Rumelhart et al. [25] proposed the "Multilayer 
Perceptron" (MLP) and showed that it can be applied for parallel distributed processing. From the end of the 80's 
there has been explosive growth in applying Neural Networks to various problems in different fields of science and 
technology. Recently, ANN has been successfully used to predict the hydrodynamic parameters in the field of gas-
non-Newtonian liquid flow through 45o bend using backpropagation algorithm [26]. ANN has been used to predict 
the frictional pressure drop across the bends of 90o, 135o and 180o using Backpropagation (BP), Delta-Bar-Delta 
(DBD), Quick-Prop (QP), Levenberg-Marquardt (LM), Scaled Conjugate gradient (SCG) algorithm in the hidden 
and output layer [2,27,28]. In the present paper application of ANN is used to predict the two-phase frictional 
pressure drop for air-water flow through various U–bends based on our earlier experimental data [29]. 
2. ANN Methodology 
Artificial Neural Networks is a generic description for a very wide variety class of connectionist which is 
designed by the models for brain activity. The common task of these models is to perform a mapping from the input 
space to an output space [25]. Figure 1 shows the schematic diagram of typical multilayered feedforward ANN. 
 
Fig. 1. Schematic diagram of the ANN. 
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2.1. Input and output data for ANN analysis 
Experimental data is collected from our earlier experimental study where detailed experimental setup, techniques 
are described, 4 different U-bend of different radius of curvature are used [29]. Table 1 shows the range of variables 
used. The input parameters are, 
1) Liquid flow rate – Ql  
2) Air flow rate – Qg  
3) Radius of the bend – Rc 
4) Length of the bend – Lb 
Density of air – ȡg, air viscosity – μg, diameter of the tube – Dt, density of water – ȡw, viscosity of water – μw, and 
acceleration due to gravity g are constant so it is ineffective as input parameter for ANN programming. Hence they 
did not take part in the analysis. The output parameter is two-phase frictional pressure drop, ǻPftp/L. 
     Table 1. Range of the data used for ANN analysis. 
Measurement Type Range 
Pipe diameter Dt (m) 0.01905 
U – Bend properties 
Radius of curvature (m) 0.06 Rc  0.20 
Length of the bend (m) 0.1885 Lb  0.6283 
Physical properties of air 
Density (kg/m3) 1.1611 
Viscosity of air (Ns/m2) 0.0000186275 
Physical properties of water 
Density (kg/m3) 995.646 
Viscosity of water (Ns/m2) 7.98 × 10-4 
Flow Rate 
Liquid flow rate Ql (m3/s) 0.000800667 to 0.001860238 
Air flow rate Qg (m3/s) 0.00022811 to 0.0023541 
Measuring Parameter 
Two-phase frictional pressure drop (kPa/m) ǻ3ftp/L  
Total number of data points 241 
2.2. Optimization of the ANN 
The optimizations of the ANN networks were achieved by trial and error method and depend on: 
x The data used; 
x Number of processing elements used in the hidden layer; 
x The number of epochs for training; 
x Stopping criterion of the training; 
x The values of the constant parameters used for algorithm. 
 
In the present case single hidden layer is used. In the hidden layer the numbers of processing elements are 
optimized by varying the number 1 to 25. Similar procedure was followed in our earlier studies by Bar et al. [19-21]. 
Raw data are used as input variables without normalization. Initially the total data was randomized to prevent 
sampling error. Then 60% data points were used for training, 20% for cross-validation, 10% for testing and the rest 
used for prediction. Table 2 presents the four transfer functions used in the hidden layer. The output transfer 
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function is given below, 
 ( )y f x x b                     (1) 
where x, y and b are the input to the output layer, the fin-al output and bias term respectively. 
Table 2. Optimum numbers of processing elements in the hidden layer for different transfer functions. 
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Fig. 2. Variation of the minimum value of cross-validation MSE with the number of processing elements in the hidden layer for four different 
Transfer functions used in the hidden layer for BP algorithm in hidden and output layer. 
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Fig. 2 shows the variation of minimum value of MSE for cross-validation with the number of processing 
elements in the hidden layer for two-phase frictional pressure drop with four different transfer functions where BP 
algorithm was used in the hidden layer and output layer respectively. Similar procedure was followed for all three 
types of algorithms used for the prediction of frictional pressure drop. The number of processing element is 
considered optimum where the value of MSE is minimum. Table 2 shows the optimum number of processing 
elements in the training section of the ANN for two-phase frictional pressure drop. 
Table 3 shows the minimum value of cross-validation MSE reached during training for two-phase frictional 
pressure drop. The network is considered optimized at that particular point where the cross-validation error recorded 
its minimum value. These optimum numbers of processing elements are used for further subsequent analysis. 
 Table 3. Performance of the best neural network on the basis of minimum value of MSE reached during Cross-validation. 
Transfer 
Function in 
Hidden Layer 
Algorithms 
Backpropagation Levenberg-Marquardt Scaled Conjugate Gradient 
1 0.000998 0.000789 0.000795 
2 0.000992 0.000892 0.000945 
3 0.000999 0.001156 0.000979 
4 0.001000 0.000893 0.000821 
3. Performance of different networks 
The performance of the network is checked using the following parameters:  
Mean Squared Error (MSE), 
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It has also been verified that the Cross-correlation coefficient between input and output is as close to unity as 
possible.  
If the performance tested using the above statistical measures are very close to each then to find the optimum 
statistical performance Chi-square test (Ȥð) will be conducted. It is represented as: 
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The lowest value indicates the best model. 
The MSE for each epoch for training and cross-validation in both cases are recorded for 5 different runs 
separately. 
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Fig. 3. Variation in the MSE for training using SCG algorithm vs. the numbers of epochs. 
Fig. 3 presents the training curves for SCG algorithm using the four different transfer functions in hidden layer 
for the prediction of two-phase frictional pressure drop. 
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Fig. 4. Comparison of two-phase frictional pressure drop for prediction using SCG algorithm in hidden and output layer with four different 
transfer function. 
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Fig. 4 shows the comparison between the experimental to the predicted output for the four different transfer 
functions in the hidden layer for testing in case of two-phase frictional pressure drop using SCG algorithms. 
Table 4. Performance of the best Neural Networks for the prediction of two-phase frictional pressure drop for four different 
Transfer functions in case of Testing. 
Transfer Function in 
Hidden Layer 
Measurement 
Type 
Algorithm 
Backpropagation Levenberg-Marquardt Scaled Conjugate Gradient 
Transfer Function 1 AARE 0.079960 0.071841 0.076002 
6'ı 0.060563 0.065405 0.055907 
MSE 0.179326 0.189703 0.270841 
CCC (R) 0.993893 0.993392 0.990424 
Transfer Function 2 AARE 0.102019 0.074100 0.094857 
6'ı 0.067708 0.077414 0.079510 
MSE 0.334422 0.189065 0.244532 
CCC (R) 0.987922 0.993431 0.992321 
Transfer Function 3 AARE 0.094042 0.095619 0.114184 
6'ı 0.097969 0.108304 0.134361 
MSE 0.329896 0.212742 0.335372 
CCC (R) 0.988573 0.992409 0.988199 
Transfer Function 4 AARE 0.074051 0.070347 0.063128 
6'ı 0.059022 0.065615 0.055541 
MSE 0.176643 0.158213 0.157745 
CCC (R) 0.993750 0.994767 0.994421 
 
Table 4 shows the performance of the network during testing. Observing the values of the errors in various parts 
of this table it can be concluded that the network is ready for its final prediction. 
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Fig. 5. Comparison of two-phase frictional pressure drop across the U-bends for prediction using LM algorithm in hidden and output layer with 
transfer function 4 in the hidden layer. 
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Table 5 presents the performance of Neural Network for final prediction for two-phase frictional pressure drop. It 
is also clear from these tables that the Cross Correlation Co-efficient value is nearly 0.95 and above for prediction of 
two-phase frictional pressure drop. The low value of the Average Absolute Relative Error (AARE), Standard 
Deviation (ı) and MSE also shows the closeness between desired and the predicted data, i.e., accuracy of the result 
in the different systems. This result indicates that the performance of the network output is excellent. 
Table 5. Performance of the best Neural Networks for different Transfer functions in case of final prediction of two-phase 
frictional pressure drop. 
Transfer Function 
in Hidden Layer 
Measurement  
Type 
Algorithm 
Backpropagation Levenberg-Marquardt Scaled Conjugate Gradient 
Transfer Function 
1 
AARE 0.102264 0.094834 0.132007 
6'ı 0.116483 0.113175 0.131699 
MSE 0.689481 0.542029 0.497953 
CCC (R) 0.952233 0.96303 0.974815 
Ȥð 2.119232 2.008038 2.667734 
Transfer Function 
2 
AARE 0.182484 0.110396 0.097163 
6'ı 0.214196 0.125611 0.118152 
MSE 1.049277 0.595095 0.589407 
CCC (R) 0.934127 0.957761 0.955929 
Ȥð 7.397922 2.057797 1.932800 
Transfer Function 
3 
AARE 0.115791 0.095176 0.112507 
6'ı 0.116548 0.126054 0.123787 
MSE 0.622754 0.532217 0.753220 
CCC (R) 0.956044 0.959655 0.947275 
Ȥð 2.159882 1.790905 2.286713 
Transfer Function 
4 
AARE 0.099826 0.090976 0.106210 
6'ı 0.120186 0.096067 0.121519 
MSE 0.698378 0.443640 0.567810 
CCC (R) 0.950128 0.968621 0.956817 
Ȥð 2.148765 1.596716 2.352704 
 
The Chi-square test confirms that the best network for prediction of two-phase frictional pressure drop is the 
transfer function 4 with 16 processing elements using LM algorithm in the hidden and output layer. 
Fig. 5 shows the comparison between the experimental to the predicted output for the LM algorithm used in the 
hidden and output layer using transfer function 1 in the hidden layer in case of two-phase frictional pressure drop. 
This comparison proves the effectiveness of the Neural Network analysis. 
Table 5 presents the performance of the network during final prediction of the two-phase frictional pressure drop 
across the U-bends. It can be observed that the best network for prediction of two-phase frictional pressure drop 
across the U-bends is the transfer function 4 with 16 processing elements using LM algorithm in the hidden layer. 
Hence, the applicability of ANN in complex fluid flow system is proved successfully. 
4. Conclusions 
A neural network based model was developed for the prediction of the two-phase frictional pressure drop for air-
water flow through U-bends. The experimental data on two-phase frictional pressure drop have been collected from 
our earlier publication. A multilayer perceptron (one hidden layer) with three different algorithms namely 
Backpropagation, Scaled conjugate gradient and Levenberg-Marquardt were used for this analysis. The ANN model 
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accurately predicts the two-phase frictional pressure drop across the U–bends. The Chi-square test confirms that the 
best network for prediction of gas hold up is the transfer function 4 with 16 processing elements using Levenberg-
Marquardt algorithm in the hidden and output layer. 
References 
[1] Das SK, Multiphase Reactor and Polymerization system Hydrodynamics, In  Chermisinoff NP. Editor. Adv In Engg Fluid Mech Ser., Golf 
Publishing Co., 1997 Ch. 17 pp 487-505. 
[2] Bar N, Das SK. Comparative study of friction factor by prediction of frictional pressure drop per unit length using empirical correlation and 
ANN for gas-non-Newtonian liquid flow through 180o circular bend.  Int Review Chem Eng 2011; 3(6):628-43. 
[3] Sekoda K, Sato Y, Kariya S. Horizontal two-phase air-water flow characteristics in the distributed region due to a 90-degree bend. Japan Soc 
Mech Engg 1969; 35:2227-33. 
[4] Geary DF. Return bend pressure drop in refrigeration systems.  ASHRAE Trans 1975; 81(1):250-64. 
[5] Chisholm D. Two-phase flow in bends. Int J Multiphase Flow 1980; 6:363-67. 
[6] Hoang K, Davis MR. Flow structure and pressure loss for two phase flow in return bends, 7th Annual/Energy-Sources Technology Conf. and 
Exhibit, New Orleans, U.S.A., 1984; Paper no. 84-FE-1. 
[7] Norstebo A, Pressure drop in bends and valves in two-phase refrigerent flow. Proc. 2nd Int. Conf. Multiphase Flow, London, England, June 19 
– 21, 1985; Paper No. B3. 
[8] Das SK, Biswas MN, Mitra AK. Friction factor for gas-non-Newtonian liquid flow in horizontal bends. Can J Chem  Engg 1991; 69:179-88. 
[9] Azzi A, Friedel L, and Balaadi S. Two-phase gas/liquid flow pressure loss in bends. Forsch. Im. Ingenieurwesen. 2000; 65(10):309-18. 
[10] Mandal SN, Das SK. Pressure losses in bends during two-phase gas-Newtonian liquid flow. Ind Eng Chem Eng 2001; 40:2340-51. 
[11] Azzi A, Friedel L, Kibbona R, Shannak B. Reproductive accuracy of two-phase flow pressure loss correlations for vertical 90o bends. Forsch 
Im Ingenieurwesen 2002; 67(10):109-66. 
[12] Wang CC, Chen IY, Yung YW, Chang YJ. Two-phase flow pattern in small diameter tubes with the presence of horizontal return bend.  Int 
J Heat  Mass Transfer 2003; 46:2975-81. 
[13] Supa-Amornkul SS, Steward FR, Derek HL. Modeling two-phase flow in pipe bends. J Press Vessel Technol 2005; 127:204-9. 
[14]  Domanski PA,  Hermes CJL. An improved correlation for two-phase pressure drop of R-22 and R-410A in 180o return bends. Appl Thermal 
Eng 2008; 28:793-800. 
[15]  Abdulkadir M, Zhao S, Azzi A, Lowndes IS, and Azzopardi BJ. Two-phase air-water flow through a large diameter vertical 180o return 
bend.  Chem Eng Sci 2012; 79: 138-52. 
[16]  Das SK. Studies on two-phase gas-non-Newtonian liquid flow in horizontal, vertical tubes and bends, Ph.D. thesis, Dept. Chem. Engg., 
Indian Institute of Technology, Kharagpur, India, 1988. 
[17] Biswas AB. Studies on Two-Phase Gas-non-Newtonian liquid flow Through Helical Coils, Ph.D Thesis, University of Calcutta, India, 2007. 
[18] Lockhart RW,  Martinelli RC. Proposed correlationof datafor isothermal two-phase two component flow in pipes. Chem Engg Progress 
1949; 45:39-48.  
[19]  Domanski PA,  Hermes CJL. An improved two-phase pressure drop correlation for 180o return bends.  3rd Asian Conf. Refrigeration and 
Air-Conditioning, Gyeongju, Korea, May 21-23, 2006. 
[20]  Pietrzak M, Witczak S. Multiphase flow mixture in 180o pipe bends. Chem Proc Engg 2013; 34(2):227-39. 
[21] Himmelblau DM.  Application of artificial neural network in chemical engineering. Korean J Chem Engg 2000; 17:373. 
[22] Basheer IA,  Hajmeer MJ. Artificial neural  networks: fundamentals, computing, design, and application. J Microbiol Methods 2000; 43:3-
31. 
[23] Bar N, Bandyopadhyay TK, Biswas MN,  Das SK. Prediction of pressure drop using artificial neural network for non-Newtonian liquidflow 
through piping components. J Pet Sci Eng 2010; 71:187-94. 
[24] Bar N, Biswas MN, Das SK. Prediction of pressure drop using artificial neural network for gas-non-Newtonian liquid flow through piping 
components. Ind Eng Chem Res 2010; 49:9423-29. 
[25] Rumelhart DE, Hinton GE, Williams RJ. Learning representations by backpropagating errors. Nature 1986; 323:533-36. 
[26] Bar N, Biswas MN, Das SK. Frictional pressure drop prediction using ANN for gas-non-Newtonian liquid flow through 45o bend. Int J 
Artificial Intelligent Systems and Machine Learning 2011; 3:608-13. 
[27] Bar N, Das SK. Frictional Pressure Drop for Gas - Non-Newtonian Liquid Flow through 90o and 135o Circular Bend: Prediction Using 
Empirical Correlation and ANN. Int J Fluid Mech Res 2013; 39:416-37. 
[28] Bar N, Das SK. Gas-non-Newtonian liquid flow through horizontal pipe – gas holdup and pressure drop prediction using multilayer 
perceptron. Am J Fluid Dynamics 2012; 2:7-16. 
[29] Subbu SK, Das SK, Biswas MN,  Mitra AK. Pressure drop in U-bends for air-water flow. Int J Fluid Mech 1990; 3(3):239-48. 
